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In agriculture sector, plant leaf diseases detection plays a significant role. Plant leaf detection 
is important for food security, avoiding economic downturns due to severe plant losses, and 
avoiding environmental degradation due to inappropriate disease treatment. The image 
processing consists of image segmentation and image classification are commonly used to 
extract the infected part from the uninfected part to identify the types of the diseases. Some 
of the existing methods of segmentation are K-Means, Otsu’s, edge-based segmentation, 
watershed segmentation, region growing, mean shift, maxflow mincut (MFMC) graph cut 
and regional colour segmentation. The performance of the previous segmentation methods, 
on the other hand, is average due to their disadvantages such as sensitive to noise and unable 
to process image with reflection. The example of the previous classification methods are 
ResNets, bag of features, artificial neural network (ANN), support vector machine (SVM), 
AlexNet, probabilistic neural network (PNN), principal component analysis (PCA) and k-
nearest neighbour (k-NN) and they also have an average performance. This is due to 
instability and complexity of the network. Hence, algorithm that performed better is 
required. Thus, in this study, image segmentation method of Fuzzy C-Means with YCbCr 
and image classification method of DenseNet-201 to detect plant leaf diseases is proposed. 
The results show that the proposed method performed better than the previous methods with 
96.81% for segmentation as well as 95.11% for classification and it is discovered to be a 
good fusion of algorithms to detect plant leaf diseases. 
Keywords: Plant leaf diseases, Fuzzy C-Means, YCbCr, DenseNet-201 
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Aplikasi Fuzzy C-Means, YCbCr dan DenseNet-201 untuk Pengesanan Penyakit Daun 
Jagung Automatik 
ABSTRAK 
Dalam sektor pertanian, pengesanan penyakit daun tumbuhan memainkan peranan penting. 
Pengesanan penyakit penting sebagai jaminan makanan, mengelakkan kemerosotan 
ekonomi akibat kerugian tanaman yang teruk, dan mengelakkan pencemaran akibat kaedah 
rawatan penyakit tidak sesuai. Pemprosesan imej terdiri daripada segmentasi imej dan 
klasifikasi imej dan digunakan untuk mengasingkan bahagian yang dijangkiti dari bahagian 
daun yang tidak untuk mengenalpasti jenis penyakit. Contoh kaedah segmentasi adalah K-
Means, Otsu’s, edge-based segmentation, watershed, region growing, mean shift, maxflow 
mincut (MFMC) graph cut dan regional colour segmentation. Prestasi kaedah segmentasi 
sebelumnya, walaubagaimanapun masih sederhana kerana kelemahannya sensitif terhadap 
titik berwarna dan tidak dapat memproses pantulan. Contoh kaedah klasifikasi sebelumnya 
adalah ResNets, bag of features, artificial neural network (ANN), support vector machine 
(SVM), AlexNet, probabilistic neural network (PNN), principal component analysis (PCA) 
dan k-nearest neighbour (k-NN) dan kaedah-kaedah ini mempunyai prestasi sederhana. Ini 
disebabkan ketidakstabilan dan kerumitannya. Oleh itu, algoritma yang lebih baik 
diperlukan. Dalam kajian ini, kaedah segmentasi iaitu Fuzzy C-Means dan YCbCr dan 
kaedah klasifikasi, DenseNet-201 untuk mengesan penyakit daun tumbuhan dicadangkan. 
Hasilnya menunjukkan kaedah yang dicadangkan bekerja lebih baik daripada kaedah 
sebelumnya dengan 96.81% segmentasi dan 95.11% klasifikasi dan kaedah yang 
dicadangkan merupakan gabungan algoritma berkesan mengesan penyakit daun tumbuhan. 
Kata kunci: Penyakit daun tumbuhan, Fuzzy C-Means, YCbCr, DenseNet-201 
v 
TABLE OF CONTENTS 





TABLE OF CONTENTS v 
LIST OF TABLES ix 
LIST OF FIGURES xi 
LIST OF ABBREVIATIONS xiii 
CHAPTER 1 INTRODUCTION 1 
1.1 Background 1 
1.2 Motivation and Significance 3 
1.3 Problem Statement 4 
1.4 Objectives 5 
1.5 Expected Outcome 5 
1.6 Research Scope 6 
1.7 Thesis Structure 6 
CHAPTER 2 LITERATURE REVIEW 8 
2.1 Overview 8 
vi 
2.2 Plant Leaf Diseases 8 
2.3 Impacts of Plant Leaf Diseases 12 
2.4 Previous Methods to Detect Plant Leaf Diseases 13 
2.4.1 Visual Inspection 14 
2.4.2 Methods for Segmentation 14 
2.4.2.1 K-Means 15 
2.4.2.2 Otsu’s  17 
2.4.2.3 Edge-based Segmentation 20 
2.4.2.4 Watershed Segmentation 21 
2.4.2.5 Region Growing 23 
2.4.2.6 Mean Shift 23 
2.4.2.7 Maxflow Mincut (MFMC) Graph Cut 24 
2.4.2.8 Regional Colour Segmentation 25 
2.4.3 Methods for Classification 28 
2.4.3.1 ResNets 29 
2.4.3.2  Bag of Features (BoF) 32 
2.4.3.3 Artificial Neural Network (ANN) 34 
2.4.3.4 Support Vector Machine (SVM) 35 
2.4.3.5 AlexNet 37 
2.4.3.6 Probabilistic Neural Network (PNN) 37 
vii 
2.4.3.7 Principal Component Analysis (PCA) 38 
2.4.3.8 k-Nearest Neighbour (k-NN) 38 
2.5 Summary 41 
CHAPTER 3 METHODOLOGY 42 
3.1 Overview 42 
3.2 Plant Leaf Diseases Identification Framework 42 
3.3 Image Acquisition 44 
3.3.1 PlantVillage Image Dataset 45 
3.4 Fuzzy C-Means Image Segmentation 45 
3.4.1 Fuzzy C-Means and RGB 50 
3.4.2 Fuzzy C-Means and HSV 51 
3.4.3 Fuzzy C-Means and L*a*b 53 
3.4.4 Fuzzy C-Means and YCbCr 55 
3.4.5 Conversion to Binary Image 56 
3.5 Diseases Severity Estimation 57 
3.6 Image Classification 62 
3.6.1 DenseNet-201 64 
3.7 Algorithms Analysis and Validation 67 
3.8 Summary 67 
 
viii 
CHAPTER 4 RESULTS AND DISCUSSION 68 
4.1 Overview 68 
4.2 Plant Leaf Image Segmentation 68 
4.2.1 Diseases Severity Estimation 76 
4.2.2 Accuracy of Segmentation 77 
4.2.3 Time Complexity of Segmentation 82 
4.3 Plant Leaf Image Classification 85 
4.3.1 Accuracy of Classification 86 
4.3.2 Time Complexity of Classification 100 
4.3.3 Impact of Usage of Data Augmentation 104 
4.4 Algorithm Validation 105 
4.5 Summary 113 
CHAPTER 5 CONCLUSION AND RECOMMENDATIONS 114 
5.1 Conclusion 114 
5.2 Recommendations 115 
REFERENCES  116 
APPENDICES  132 
ix 
LIST OF TABLES 
  Page 
Table 2.1 Methods of plant leaf diseases image segmentation 15 
Table 2.2 Comparative study of segmentation algorithms 26 
Table 2.3 Methods of plant leaf diseases image classification 28 
Table 2.4 Comparative study of classification algorithms 39 
Table 3.1 Corn leaf images being segmented 46 
Table 3.2 Manually segmented images 59 
Table 4.1 Original corn leaf images 69 
Table 4.2 Segmentation results of the proposed method and previous methods 70 
Table 4.3 Comparison of segmentation results between proposed method and 
previous methods in binary representation 73 
Table 4.4 Accuracy of segmentation 78 
Table 4.5 Time complexity of segmentation 82 
Table 4.6 Properties and architectures of DenseNet-201 88 
Table 4.7 Validation results of DenseNet-201 90 
Table 4.8 Summary of validation results of DenseNet-201 96 
Table 4.9 Accuracy of proposed method and previous methods of image 
classification 97 
Table 4.10 Classification accuracy of fusion of K-Means (with L*a*b) and Otsu’s 
(with RGB) with DenseNet-201, ResNet-50, ResNet-101 and BoF 
(Polynomial) 99 
Table 4.11 Time taken of proposed and previous classifier algorithms without 
segmentation 101 
x 
Table 4.12 Time taken of classification for fusion of K-Means (with L*a*b) and 
Otsu’s (with RGB) with DenseNet-201, ResNet-50, ResNet-101 and Bof 
(Polynomial) 102 
Table 4.13 Time taken of fusion proposed and previous classification algorithms 
with Fuzzy C-Means and YCbCr 103 
Table 4.14 Validation accuracy of DenseNet-201 network with different epoch 
values 106 
Table 4.15 Confusion matrix, precision, recall and F1 score of DenseNet-201 112 
 
xi 
LIST OF FIGURES 
Page 
Figure 2.1 Northern corn leaf blight (Setosphaeria turcica) 9 
Figure 2.2 Gray leaf spot (Cercospora zeae maydis) 10 
Figure 2.3 Common rust (Puccinia sorghi) 11 
Figure 2.4 K-Means segmentation example 16 
Figure 2.5 Otsu’s segmentation example 18 
Figure 2.6 Example of edge-based segmentation 20 
Figure 2.7 Modelling of watershed segmentation 22 
Figure 2.8 ResNet-50 architecture 30 
Figure 2.9 ResNet-101 architecture 30 
Figure 2.10 BoF (polynomial kernel function) architecture 32 
Figure 2.11 Artificial Neural Network (ANN) architecture 34 
Figure 2.12 SVM classifier with samples of two classes 36 
Figure 3.1 Fundamental steps to develop the plant leaf diseases detection algorithm 43 
Figure 3.2 Crop species images acquire from PlantVillage Image website 45 
Figure 3.3 Image segmentation techniques 47 
Figure 3.4 Process block diagram for segmentation of the corn leaf image 49 
Figure 3.5 Fuzzy C-Means and RGB colour space segmentation 51 
Figure 3.6 Fuzzy C-Means and HSV colour space segmentation 52 
Figure 3.7 Fuzzy C-Means and L*a*b colour space segmentation 54 
Figure 3.8 Fuzzy C-Means and YCbCr colour space segmentation 56 
Figure 3.9 Procedure of manual segmentation using Colour Threshold module 58 
Figure 3.10 Total Leaf Area 𝐴𝑇 60 
Figure 3.11 Total Infected Leaf Area (𝐴𝐼) 60 
xii 
Figure 3.12 Process block diagram for classification of the corn leaf diseases 63 
Figure 3.13 Data augmentation (vertical flipping) of corn leaf image 63 
Figure 3.14 Train a network from scratch 64 
Figure 3.15 Fine-tuned a pre-trained network (transfer learning) 65 
Figure 3.16 DenseNet-201 with two transition layers 66 
Figure 4.1 Performance of proposed method and previous methods 77 
Figure 4.2 Semantic segmentation using Rectangular Region of Interest 80 
Figure 4.3 Semantic segmentation using Pixel-based Segmentation 81 
Figure 4.4 DenseNet-201 network from deep network designer 87 
Figure 4.5 Impact of usage of data augmentation 104 
Figure 4.6 Train network of DenseNet-201 in epoch 25 107 
Figure 4.7 Plot performance of DenseNet-201 107 
Figure 4.8 Regression model plot of DenseNet-201 108 
Figure 4.9 Error histogram of DenseNet201 109 
Figure 4.10 Training state of DenseNet-201 110 
xiii 
LIST OF ABBREVIATIONS 
  
ANN Artificial Neural Network 
ARC Agricultural Research Council  
BN Batch Normalization 
BoF Bag of Feautures 
BP Back Propagation  
CCD Charge-coupled Device 
CIE XYZ Commission Internationale de L'éclairage Relative Luminance 
CNN Convolutional Neural Network 
CPU Central Processing Unit 
DenseNet Densely Connected Networks 
DSC Digital Still Camera 
EPFL École Polytechnique Fédérale de Lausanne 
FAO Food and Agriculture Organization 
GB Gigabyte 
GDP Gross Domestic Product 
GPU Graphics Processing Unit 
GRNN Generalized Regression Neural Network 
HSV Hue Saturation Value 
IoT Internet of Things  
JPEG Joint Photographic Experts Group 
k-NN k-Nearest Neighbour 
L*a*b Lightness: Red/Green: Blue/Yellow 
xiv 
MARDI Malaysian Agricultural Research and Development Institute 
MFMC Maxflow Mincut 
MSE Mean Squared Error 
PCA Principal Component Analysis 
PNN Probabilistic Neural Network 
R Regression 
RAM Random Access Memory 
RBF Radial Basis Function 
ResNet Residual Neural Network 
RGB Red Green Blue 
SGD Stochastic Gradient Descent 
SIFT Scale-invariant Feature Transform 
SVM Support Vector Machine 
US United States 










Agriculture is the mother of all nations. As stated by Food and Agriculture 
Organization of the United Nations (FAO), over 60% of the world population depends on 
agriculture for survival (Cervantes-Godoy et al., 2017). In the developing countries such as 
Malaysia, agriculture plays a crucial role in an economy sector. However, the Gross 
Domestic Product (GDP) growth of agriculture in Malaysia is declining every year. Reported 
by world Trading Economics websites (Williams & Turton, 2019), in the first quarter of 
2020, GDP from agriculture in Malaysia is recorded as RM22.5 billion, where that amount 
is decreasing from RM24.5 billion in the fourth quarter of 2019. There are several factors 
that contribute to the decreasing of GDP of agriculture sector in Malaysia and one of them 
is due to the low productivity and quality of the agriculture produced. Plant leaf diseases is 
among the causes of the crop yields losses in agriculture. Major crop yields losses also lead 
to the damage on the environment. This is when the farmers used inappropriate amount of 
pesticides because they unable to identify the actual type of diseases on their crops. 
In Malaysia, plant leaf is exposed to many types of diseases such as leaf blight, gray 
spot and rust. Generally, different diseases of plant leaf exhibited different physiological 
variations, visual changes, and different severity of infection. Different types of plant leaf 
can be distinguished based on the characteristics of the infected area and the severity of 
infection on the leaf. Therefore, the infected and uninfected part of the leaf must be 
segmented to classify the types of the plant leaf diseases. Conventionally, plant leaf disease 
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detection is done by visual inspection of the specialists, but the turnaround time is enormous. 
The other way is to physically convey the specimens to the experts, which is likewise tedious. 
Nonetheless, with the developing number of present-day cameras and the 
advancements in computer vision, the automated infection investigation models are 
significantly applied by accuracy-agribusiness, high-information plant aggregate, smart 
green house and so on. Identification of plant leaf diseases through image processing method 
is advantageous as it does not require a lot of work and time of checking an enormous ranch 
of yields virtually. Identification of the diseases at an early stage to prevent the diseases from 
spreading to other part of the plant is also possible through severity estimation. At the present 
time, there are several numbers of existing image segmentation and classification algorithms 
used to detect plant leaf diseases. Image segmentation is the partition of an image into 
regions correspond to different parts of objects with every pixel in an image assigned 
different categories. Then, image classification assigned the pixels being partitioned to the 
class that corresponds to the satisfied criteria to predict the type of object. 
There are many techniques that have been applied to identify plant leaf diseases. 
Some of the previous methods of segmentation are K-Means, Otsu’s, edge-based 
segmentation, watershed segmentation, region growing, mean shift, maxflow mincut 
(MFMC) graph cut and regional colour segmentation. While, example of previous methods 
of classification are ResNets, bag of features (BoF), artificial neural network (ANN), support 
vector machine (SVM), AlexNet, probabilistic neural network (PNN), principal component 
analysis (PCA) and k-nearest neighbour (k-NN). However, new approach to segment and 
classify plant leaf diseases which is more competent and efficient is still needed. This is 
because from the recent literature works done, it is shown that the existing approaches to 
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detect plant leaf diseases have some disadvantages. Hence, in this study, a method for plant 
leaf diseases detection is proposed and the comparison of performances produced with the 
previous methods are discussed. 
1.2 Motivation and Significance 
 The previous automated disease diagnosis models to segment and classify plant leaf 
diseases can perform the task of detecting the plant leaf diseases. Detecting plant leaf 
diseases using automated model is beneficial as it reduces the time taken and work done 
compared to traditional methods. This study covers the survey on different previous methods 
to segment and classify plant leaf diseases.  
 The survey that covers about the previous methods to detect plant leaf diseases in 
this study has built up an appropriate registering framework to recognize the disadvantages 
of the previous methods. Hence, the motivation of this research is based on the knowledge 
about the weakness of the previous methods. The proposed methods aim to perform better 
than the previous methods in terms of accuracy and time complexity.  
 Besides that, no other studies in the current literature that offer a more comprehensive 
comparison of this kind. Following from this performance comparison of different previous 
segmentation and classification methods, information to facilitate the researchers about the 
directions for future research involved are discovered. In addition, the source of the training 
data is diseased corn leaf images from PlantVillage Image website. Hence, the findings of 
this study will be significance to farmers to control the productivity of their crops by 
detecting the crops diseases more effectively since the dataset used has the synthetic nature 
similar to the real-life images.  
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1.3 Problem Statement 
Recent literature works within the subject matters shows that the traditional method 
which is virtual inspection and the previous segmentation and classification algorithms are 
showing a poor and moderate performance towards identifying plant leaf diseases. It can be 
proved from the accuracy of segmentation and classification obtained by the previous 
algorithms. The existing methods of segmentation such as K-Means, Otsu’s, edge-based 
segmentation, watershed segmentation, region growing, mean shift, maxflow mincut 
(MFMC) graph cut and regional colour segmentation produced 55.0% to 94.30% 
segmentation accuracy in range. While for an existing method of classification, for example, 
ResNets, bag of features, artificial neural network (ANN), support vector machine (SVM), 
AlexNet, probabilistic neural network (PNN), principal component analysis (PCA) and k-
nearest neighbour (k-NN) produced 41.30% to 94.29% classification accuracy in range. The 
disadvantages of the previous methods that leads to the moderate performance of the 
previous algorithms are stated in the next chapter of this thesis.  
In overall, literature review from this study show that the previous segmentation 
algorithms are unable to process the image properly, complex, slow learner for which they 
will take more time to segment when it comes to different tasks in order to adapt to the new 
subject performance, sensitive to noise, unable to handle certain problems in an image and 
complicated to handle. Besides that, it is also proved that the previous classification 
algorithms contribute to the poor and moderate accuracy of identification of plant leaf 
diseases. They are unstable, low fault tolerance, large processing time, complex, require big 
memory space to perform, have tendency to underachieve in complex tasks and sensitive. 
Hence, a better and a more reliable algorithm that able to surpass the performance of the 
previous segmentation and classification algorithms is needed to detect plant leaf diseases. 
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1.4 Objectives 
To successfully address the problems under investigation, the current research aims 
to propose a segmentation and classification algorithms that performed better than the 
previous methods to detect plant leaf diseases. The main objectives are outlined as follows: 
i. To review the previous methods of segmentation and classification of plant 
leaf diseases. 
ii. To develop Fuzzy C-Means with YCbCr colour space segmentation and 
DenseNet-201 classification algorithm to detect corn leaf diseases. 
iii. To evaluate the performance of the proposed method with the previous 
methods. 
1.5 Expected Outcome 
 The hypothesis of this study is that the proposed method performs better than the 
previous methods of segmentation and classification of plant leaf diseases. To this end, the 
previous methods of segmentation and classification are being examined to discover the 
weakness of these methods towards detecting plant leaf diseases. The survey done on the 
previous methods enables the exertion of the knowledge about the causes of the poor and 
moderate performance of the previous methods of segmentation and classification.  
 Hence, a key outlook from this study is the possibility of the proposed method to 
surpass the performance of the previous methods. This has implications in terms of accuracy 
of segmentation and classification as well as time complexity of the methods. The hypothesis 
in this study is tested by looking at the comparison of the performance of the proposed 
method and previous methods where accuracy is given more priority than time complexity. 
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The possibility of the proposed method to has higher segmentation and classification 
accuracy as well as an ideal time complexity indicates that the hypothesis is accepted.  
1.6 Research Scope 
In this study, the previous methods of segmentation such as K-Means, Otsu’s, edge-
based segmentation, watershed segmentation, region growing, mean shift, maxflow mincut 
(MFMC) graph cut and regional colour segmentation as well as previous classification such 
as ResNets, bag of features, artificial neural network (ANN), support vector machine (SVM), 
AlexNet, probabilistic neural network (PNN), principal component analysis (PCA) and k-
nearest neighbour (k-NN) are being examined. After that, the study concentrates on the 
proposed method of Fuzzy C-Means (with YCbCr) segmentation and DenseNet-201 
classification to detect three types of corn leaf diseases which are blight, gray spot and rust. 
Then, the comparison of performance in terms of accuracy and time complexity of the 
proposed segmentation method of fusion of Fuzzy C-Means with YCbCr and previous 
method of segmentation of fusion of K-Means with RGB, HSV, L*a*b and YCbCr and 
fusion of Otsu’s with RGB, HSV, L*a*b and YCbCr is reported here. Other than that, the 
comparison of performance in terms of accuracy and time complexity of the proposed 
classification method of DenseNet-201 and the previous methods of classification such as 
ResNet-50, ResNet-101 and bag of features is also reported in this study. 
1.7 Thesis Structure 
The thesis structure is outlined as follows. Brief description of each chapter is 
described as follows. Chapter 1 presents the conceptual frame works of the research. It 
provides the study background of the research, motivation and significance, problem 
statement, objectives, hypothesis, research scope and the organization of this thesis. Chapter 
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2 reviews work by other researchers. Types of plant leaf diseases and negative impacts of 
plant leaf are presented in this chapter. Besides that, comparative study of previous methods 
of segmentation and classification of plant leaf diseases are also discussed. Chapter 3 
introduces the methodology applied in the proposed segmentation and classification 
algorithms. It includes the explanation on acquisition of image dataset used and system 
modelling of the proposed method of Fuzzy C-Means (with YCbCr) segmentation and 
DenseNet-201 classification. Chapter 4 presents the complete outcomes of the proposed 
method. The comparison of the performance between previous methods and proposed 
method to segment and classify plant leaf diseases is discussed in this chapter. Other than 
that, the validation of the proposed method is also being studied. Lastly, Chapter 5 presents 
the conclusions of major findings of this research, contribution of the research work and 
recommendations for future works. 
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In the previous chapter, the background of the study, problem statements, research 
objectives, contribution of the research and the structure of the thesis are presented. In this 
chapter, types of plant leaf diseases and the negative impacts it brings are described. Other 
than that, recent literature works within the subject matters of this study that have been 
conducted by many researchers around the globe are also discussed in this chapter. 
The outline of this chapter is as follows. In Section 2.2, types of plant leaf diseases 
are presented. Section 2.3 explains the impacts of plant leaf diseases and Section 2.4 explains 
the previous method used to detect plant leaf diseases. Section 2.5 summarizes the chapter. 
2.2 Plant Leaf Diseases 
Plant disease is an impairment of the normal state of a plant that disturbs or modifies 
the vital functions in the plant (Fahad et al., 2017). All species of plants, either wild or 
cultivated, are subjected to disease. The affected parts are usually on the leaves, roots, stems, 
flowers, or fruit of the plants and it should be noted early to prevent the disease from 
spreading to other parts. One of the most common infected part of disease in plant is the leaf.  
There are several types of plant leaf diseases. For example, leaf spot, leaf blight, rust, 
powdery mildew and downy mildew. In this study, diseased corn leaves freely available at 
PlantVillage Image website (https://plantvillage.psu.edu/) are used for experimentation 
purposes since corn is the most relevant plant to Malaysia. The first disease as shown in 
Figure 2.1 is northern corn leaf blight (Setosphaeria turcica). 
